Using nationally representative survey data for Finnish employees linked to register data on their wages and work histories we find wage effects of high involvement management (HIM) practices are generally positive and significant. However, employees with better wage and work histories are more likely to enter HIM jobs. The wage premium falls substantially having accounted for employees' work histories suggesting that existing studies' estimates are upwardly biased due to positive selection into HIM. Results do not differ significantly when using propensity score matching as opposed to standard regression techniques. The premium rises with the number of HIM practices and differs markedly across different types of HIM practice.
Introduction
In recent decades many employers have introduced practices designed to maximise employees' sense of involvement with their work, and their commitment to the wider organisation, in the expectation that this will improve their organisation's performance. These "high involvement practices" include teams, problem-solving groups, information sharing, incentive pay, and supportive practices such as good training and associated recruitment methods. Collectively they constitute "high involvement management" (HIM). There is a sizeable literature exploring the links between these practices and firm performance (Bloom and Van Reenen, 2010) but less is known about the effects of HIM on employees' pay. If the practices make workers more productive we might expect this to lead to higher pay. However, HIM may be positively correlated with higher pay if high ability workers are matched to HIM workplaces. This may occur if, for example, firms require higher ability workers to maximise returns from their investment in HIM. Accordingly, if one is unable to control for worker sorting by ability, estimates of HIM's impact on employees' wages are likely to be upwardly biased.
We contribute to the literature in three ways. First, we establish whether higher ability workers are more likely to use high involvement practices in their jobs. We do so by linking register data on Finnish workers' wage and work histories to a survey in which employees identify which, if any, high involvement practices they are exposed to in their jobs. Second, we calculate the wage returns to HIM practices in HIM jobs having controlled for worker sorting. We do so by conditioning on work and wage histories, and by matching HIM with non-HIM employees on the basis of their prior labour market experiences. Third, we estimate the expected wage returns to HIM among employees not currently exposed to them. As we discuss, this may offer insights into why it is that HIM is not as prevalent as early advocates had anticipated.
The remainder of the paper is structured as follows. Section Two reviews the theoretical and empirical literatures linking HIM to employees' wages. Section Three introduces our data. Section Four outlines the theoretical framework underpinning our investigation and the empirical strategy we adopt. Section Five reports our results and Section Six concludes.
Theoretical and Empirical Literatures
There are four reasons why one might expect HIM to improve labour productivity and thus employees' wages. First, learning to use high involvement practices entails building firmspecific human capital. This skill acquisition can entail on-the-job and off-the-job training resulting in higher labour productivity. This is why training is usually treated as a necessary pre-condition for the success of HIM (Appelbaum et al., 2000) . Second, increased job autonomy and the devolution of decision-making responsibilities to employees allows them to utilise their tacit knowledge of the labour and production processes to improve their productive capacity in a way that is not possible when they simply implement the job tasks allocated to them by managers and supervisors. The idea that HIM turns employees from 'passive' to 'active' participants in the production process is at the heart of HIM as conceived by the Harvard School (Beer et al., 1984) . Third, the shift to team-based production which often accompanies high involvement strategies can raise labour productivity where collaborators' labour inputs are complementary. Fourth, HIM can elicit greater employee effort via labour intensification (Ramsey et al., 2000) or the motivational effects of higher job satisfaction or organizational commitment which may accompany job enrichment (Walton, 1985) . Furthermore, there are usually greater incentives to increase effort under HIM because output is often linked to performance. One of the threats to HIM is the "1/N" problem whereby workers choose to free-ride on the efforts of their colleagues in the knowledge that this may only have a marginal impact on total team production. However, empirical studies have found that when team-based production is underpinned by group-based performance pay employees co-monitor one another's efforts to minimise the problem (Freeman et al., 2010) .
There are at least three other reasons to expect firms to raise their wages on adopting HIM which are not directly linked to increased worker productivity. The first is rent sharing. If labour productivity improvements exceed the costs of introducing and maintaining HIM, the firm will increase profits which it may share with employees -provided employees have sufficient bargaining power to extract a share of these additional rents.
1 HIM employers may also raise their wages above those offered in the market to reduce quit rates in order to ensure that they recoup the full value of their investments in HIM. In this case higher wages are paid for efficiency wage reasons. Finally higher wages in HIM firms may reflect compensating wage differentials since workers may demand a wage premium to compensate for the disutility arising from the additional employee responsibilities that accompany high involvement practices. Since HIM can also be thought of as a mechanism by which firms share the risk of production with employees (via devolved responsibilities for decisionmaking and performance-based pay) this may also result in a compensating differential.
The seven mechanisms linking HIM to higher pay enumerated above start from the premise that employees in HIM firms will be paid higher wages than they would in 'like' firms without HIM, either because their labour productivity rises or because the employer raises the wage for other related reasons (rent sharing, efficiency wages, or compensating differentials). However, one must account for the possibility that worker sorting may induce a correlation between HIM and higher pay which is not causal. This may occur if unobservable differences between HIM and non-HIM workers are correlated with wages. High ability workers may sort into HIM if "good" workers have a lower disutility of effort (Lazear, 2000) . Alternatively, if more able workers produce more output for the same level of effort, this will result in higher pay in workplaces offering the incentive contracts that often accompany HIM (Prendergast, 1999) . If employers have a queue of workers to choose from when filling HIM job slots it is likely that they will choose the high ability workers with the skills and aptitude necessary to meet the challenges inherent in high involvement practices. Job candidates signal their ability to prospective employers through their work and earnings histories. These constitute a credible signal, because it is costly for a worker to acquire a "good" work history. When histories are unobservable to the analyst -as is usually the case -estimated wage returns to exposure to HIM will be upwardly biased since the workers engaged in high involvement practices are drawn from the upper reaches of the ability spectrum and thus would receive higher wages even in the absence of HIM.
This characterisation of the job market, in which there are two sectors (HIM and non-HIM), worker heterogeneity characterised in terms of worker ability, and a 'double' selection process in which workers queue for jobs and employers pick workers from the queue, is akin 1 Whether HIM employees have more or less bargaining power than 'like' employees that are not exposed to HIM is uncertain, a priori. Firms may become more reliant on incumbent workers if the firm-specific human capital required to organise HIM production is costly to acquire. Firms may thus face hold-up problems if HIM employees wish to challenge the firm's wage policy, a problem that may be particularly acute where HIM accompanies Just-in-Time production (JIT) in which inventory stocks are low and supply chains entail interdependence between firms (Wood and Bryson, 2009 ). On the other hand, if employees' acquisition of firmspecific HIM skills is at the expense of investment in transferable skills the market value of those skills may limit the wages they can command outside the firm.
to the model Abowd and Farber (1982) and Farber (1983) use to explain the distribution of worker talent in the union and non-union sectors of the economy. In their model workers in the lower part of the potential wage distribution queue for union jobs and union employers pick the best from that queue. As a consequence it is workers in the middle of the ability spectrum who are found in union jobs. In our setting, it is the high ability workers who queue for HIM jobs and, because HIM employers choose the best workers from the queue, it is those workers with the highest potential earnings who are found in HIM jobs.
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Empirical evidence in respect of HIM effects on wages is mixed. Some studies find a positive relationship (eg. Appelbaum et al., 2000; Hamilton et al., 2003; Helper et al., 1993; Forth and Millward, 2004; Handel and Levine, 2006; Osterman, 2006) ; some find positive and negative effects (eg. Handel and Gittleman, 2004) ; while others find no significant effects (eg. Black et al., 2004) . Reviewing the studies using data through to the late 1990s Handel and Levine (2004) conclude that nationally representative surveys tend to find no effects of HIM on wages, whereas industry-or firm-specific studies tend to find larger positive effects. This difference may arise either because the latter are better able to control for measurement error associated with heterogeneity across firms or difficulties in capturing HIM practices. Alternatively, HIM effects may be heterogeneous across firms or industries and those firms and industries which have attracted researchers' attention may be those where HIM effects may be anticipated, thus making it difficult to extrapolate from these results to the population as a whole.
One Finnish study (Kalmi and Kauhanen, 2008) using the 2003 Quality of Working Life Survey (QWLS) which forms part of the data we use in this paper, found HIM effects on wages varied markedly across different types of HIM practice. However, their study, in common with the other studies to date, lacked longitudinal data on employees necessary to adequately account for worker selection into HIM when estimating HIM's effects on wages.
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As noted in the introduction, we overcome this problem by linking register data on Finnish workers' wage and work histories to a survey in which employees identify which, if any, high involvement practices they are exposed to in their jobs. We are thus able to calculate the wage returns to HIM practices in HIM jobs having controlled for worker sorting by conditioning on work and wage histories. As well as introducing these work and wage histories into regression analyses, we use them to match HIM employees with non-HIM employees with similar characteristics using propensity score matching (PSM) methods. These matching estimators enable us to recover not only the effects of HIM on the wages of workers exposed to them, but also the expected wage returns to HIM among employees not currently exposed to them.
Data
Our data are the Quality of Work Life Survey (QWLS) 2003 of Statistics Finland (SF). The initial sample for QWLS is derived from a monthly Labour Force Survey (LFS), where a 2 The queue for HIM jobs arises because the demand for HIM jobs exceeds its supply due to the fixed costs employers face in adopting HIM. These costs of switching to HIM create 'stickiness' such that HIM diffusion is patchy (Bryson et al., 2007) . 3 Kalmi and Kauhanen (2008: 442) say "A potential shortcoming of the data is that they are cross-sectional. Panel data on individuals would allow unobservable time-invariant heterogeneity and selection issues to be addressed. However, panel data on individuals are rare, partly due to confidentiality issues. We are not aware of any research on the impact of HPWS that uses panel data on individuals." In fact, there are some exceptions which are usually firm case studies focussing on incentive pay and financial participation, eg. Renaud et al (2004) . random sample of the working age population is selected for a telephone interview. The 2003 QWLS was based on LFS respondents in October and November who were 15-64-year-old wage and salary earners with a normal weekly working time of at least five hours. 5270 individuals were selected for the QWLS sample and invited to participate in a personal faceto-face interview. Out of this sample, 4104 persons or around 78 percent participated (Lehto and Sutela, 2005) in the interviews, which took place mostly in October-December 2003, with some taking place in the beginning of January 2004. Owing to missing information on some variables for some workers, the sample size used in this study is 3782 observations.
In addition to the HIM practices the worker is exposed to in her employment (discussed below) the QWLS contains information on the type of job the employee does and the nature of the employer, together with employees' personal characteristics and work experience. SF supplements QWLS with information from the LFS on, for example, working time and labour market status, and information on annual earnings from tax registers and on education (level and field) from the register of degrees earned. Supplementary information on the industry and location of the employer is gathered from various other registers maintained by SF.
The QWLS data is a cross-section data set that includes only limited self-reported information on past labour market experience. However, we match the QWLS data to longitudinal register data. These are the Finnish Longitudinal Employer-Employee Data (FLEED). FLEED is constructed from a number of different registers on individuals and firms that are maintained by Statistics Finland. In particular, FLEED contains information from Employment Statistics, which records each employee's employer during the last week of each year. We match QWLS and FLEED using unique personal identifiers (i.e. ID codes for persons). We have followed the employees over the period [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] . In each year, we can link information on the firm and establishment to each person.
Following Kalmi and Kauhanen (2008) we capture four different aspects of HIM. Self-managed teams are defined as teams that select their own foremen and decide on the internal division of responsibilities. A dummy variable for information sharing equals one if employees are informed about the changes at work at the planning stage rather than shortly before the change or at its implementation. A dummy for training equals one if the employee has participated in employer-provided training during the past 12 months. A dummy for incentive pay equals one if the individual is personally subject to performance-related pay.
If HIM practices are complementary (Milgrom and Roberts, 1995) it may be that productivity and thus wage effects are more clearly discernible when HIM practices are combined. Again, following Kalmi and Kauhanen (2008) we examine the joint effects of management practices with a high performance work system (HPWS) dummy variable which equals one if more than one of the HIM practices (self-managed teams, information sharing, employer-provided training or incentive pay) is present. In addition we construct variables not tested by Kalmi and Kauhanen (2008) . First, we construct count variables for having one, at least two, at least three, or all four HIM practices. Second we construct a set of dummy variables which identify specific combinations of HIM which are significant either because they are common in the data or of theoretical significance. They include four HIM bundles incorporating incentive pay, the rationale being that if HIM wage effects are associated with greater worker effort or motivational effects, one might anticipate these will be larger in the presence of incentive pay.
The work history variables include the number of past job switches (defined as a change of establishment), unemployment episodes (both number of episodes and their length in months), past employment months, an indicator for having worked in a big firm (firm with more than 300 employees), length of tenure with current employer, past average earnings (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) and past earnings growth (average over periods 1999-2000 and 2000-2001) . As part of sensitivity analyses, we add controls for past socio-economic status (dummies for lower white-collar and upper white-collar employees in 2000, with blue-collars as the reference group). All of the above work history variables are from the longitudinal register data. In addition, we use information in QWLS to form an indicator for persons who have had more than three different professions over their working life.
The inclusion of a wage growth variable in models estimating the probability of being exposed to HIM practices is prompted by the possibility that workers may be able to signal their quality to employers not only through their past mean earnings, but also their recent wage profile. Indeed, employers may give particular weight to evidence of recent earnings growth. If job applicants are successful in signalling their quality to employers in this way one might anticipate a positive effect of recent wage growth on the propensity to enter HIM workplaces over and above the effect of average wages over one's prior work history. This is, in a sense, the opposite of the Ashenfelter Dip apparent in the welfare evaluation literature whereby those entering welfare programmes have particularly poor earnings trajectories prior to programme entry relative to seemingly 'like' individuals who do not enter the programme (Ashenfelter, 1978) . In the welfare evaluation literature failure to account for the 'dip' may upwardly bias estimates of programme effects on subsequent earnings since some of the wage recovery associated with regression to the mean might otherwise be attributed to the programme. In the case of HIM, failure to account for the upward trajectory of wages for those entering HIM jobs may downwardly bias estimates of HIM effects on subsequent earnings since reversion to mean wages subsequently implies a reduction in wage growth which would erroneously be attributed to the programme.
Turning to our dependent variable, earnings in 2003, we have two sources of data. The first is the log of annual earnings from the register data. Earnings include the base wage, overtime pay, bonuses, and wage supplements. The bonuses and wage supplements are determined at the establishment level, whereas collective (industry-level) bargaining sets a floor for the base pay. The second measure is the log of self-reported wages from the QWLS based on midpoints of monthly wage bands. We prefer the register measure since it is continuous and is less prone to reporting error. However, we test the sensitivity of our results to the self-reported wage measure.
We control for gender, age, marital status, educational level, union membership status, usual weekly hours worked, plant size, multi-plant firms, foreign ownership, industry (with fourteen dummy variables) and public sector employer. All of these variables are based on the data on individuals in QWLS. Descriptive statistics for dependent and independent variables are presented in Appendix Table A1 with those for the HIM variables presented in Appendix Table A2 .
Model and Estimation
To formalize the arguments, consider the simple model used in Lemieux et al. (2009) . Their emphasis is on the sorting of employees to fixed wage and performance related pay (PRP) jobs, but the same arguments can be used also for other aspects of HIM. In their model the chief features that distinguish wage formation under PRP contracts from those under fixed wages are the fixed monitoring costs associated with PRP; higher returns to expected ability under PRP than fixed wages (explaining the sorting of high-ability workers into PRP contracts); and an error component linked to unobserved ability under PRP which is absent under fixed wages.
Production of individual i in job (firm) j is given by
where γ 0j is output that is independent of effort, e ij is effort and γ 1j is marginal product of effort. Assume that workers are paid the value of production, so w ij = y ij . Utility is given by
, where α i is ability (or skills), which is normally distributed as α i ~ N(αĩ,σ i 2 ), conditionally on observed worker characteristics. Ability is revealed after the worker has taken up a job. To simplify the model, it can be assumed that the variance of ability is related to its mean by σ i 2 = δαĩ, where 0<δ<1.
Assume first that the distinction between HIM and non-HIM firms is in pay determination. As shown in Lemieux et al. (2009) , in a fixed wage firm (which we interpret as a non-HIM firm) there is a contract with fixed wage and effort. The optimal, expected utility maximizing effort leads to wage (and output) (2) w ij
where
. In a firm with HIM (performance-based pay) the wage varies with effort. The worker chooses his effort after observing the realization of ability α i . To set up the system (e.g. monitoring), there are fixed costs that are deducted from the pay. Given optimal effort, the expected wage is
where μ j is the monitoring cost. The variance term cancels out in this case. The worker will choose between the fixed wage and performance pay jobs, based on a comparison of the utilities. The utility comparison, in turn, involves comparison of expected wages. This implies that a worker will choose a job in a firm with HIM, if wĩ j HIM > w ij N , or (1-δ) αĩ. This can be stated as αĩ > μ j /γ 1j δ. One implication of the model is that higher ability workers will self-select into HIM firms, since they get a higher expected return to skills (the coefficient of α̃ j is higher in HIM firms than in non-HIM firms) and for them the inequality is more likely to hold. Higher marginal productivity of effort, higher variance of ability and lower monitoring costs, increase the likelihood of choosing a HIM job. The model also has the implication that the returns to observable human capital will be larger in HIM than non-HIM jobs, since the coefficient of αĩ is higher.
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There are other aspects of HIM systems besides performance-based pay. These can be illustrated with the same model. Working in a HIM firm may involve team work. This could be introduced into the model by making the assumption of higher productivity in team work than in non-team work, for example. This would give an advantage to HIM jobs even in fixed-wage firms. However, perhaps the simplest way to illustrate this is to assume that the difference in team and non-team work is that in team work with group-based performance pay the cost of monitoring is lower, as the team members will monitor each other's effort.
This has the straightforward implication that if a firm uses a bundle of HIM practices, performance-based pay and team work, the threshold for a worker to choose a job in such a firm will be lower, and the expected wage is higher than in a firm that uses just performancebased pay.
In the empirical analysis we run regressions of the following form:
where X is a vector of observable characteristics of individuals and their employer with betas being coefficients to be estimated. We test the sensitivity of results to the inclusion of work history variables in the X vector. HIM captures the indicator of HIM which, as noted above, varies across specifications. The parameter δ represents the average proportional difference in wages between HIM and non-HIM workers adjusted for worker and workplace characteristics. ε it is a random component. An alternative to OLS to control for bias on observables is the semi-parametric statistical matching approach known as propensity score matching (PSM) (Rosenbaum and Rubin, 1983; Heckman et al., 1999) which compares wage outcomes for employees exposed to HIM with 'matched' non-HIM employees. The method shares the causal identification assumption of the OLS in that it yields unbiased estimates of the treatment impact where differences between individuals affecting the outcome of interest are captured in their observed attributes. However, matching has three distinct advantages relative to regression in identifying an unbiased causal impact of HIM on wages. First, it is semi-parametric, so it does not require the assumption of linearity in the outcome equation. Second, it leaves the individual causal effect completely unrestricted so heterogeneous treatment effects are allowed for and no assumption of constant additive treatment effects for different individuals is required. Thirdly, matching estimators highlight the problem of common support and thus the short-comings of parametric techniques which involve extrapolating outside the common support (Heckman et al., 1998) . PSM relies on the assumption that counterfactual outcomes are independent of treatment status having conditioned on observable traits -what is referred to in the literature as the conditional independence assumption (CIA).
5 As in the case of the OLS estimates, the sensitivity of results to data quality is assessed by altering the information set entering estimation and, in particular, the exclusion and inclusion of the work history variables. 6 We estimate the propensity to be exposed to each HIM variable with a probit estimating a (0,1) variable identifying individuals' HIM status. The variants of these models which incorporate the work history variables are presented in Table 1 and are discussed in Section 5 below. To obtain the effect of treatment-on-the-treated for those participants with support we use matching which operates by constructing counterfactuals from the nonparticipants. There are a number of ways of defining this counterfactual using the propensity score. We use an Epanechnikov kernel estimator with a 0.001 caliper which identifies the counterfactual outcome as a weighted average of the outcomes for non-treated cases within the caliper where the weight given to non-treated cases is in proportion to the closeness of the 5 Matching is thus able to eliminate two of the three sources of estimation bias identified by Heckman, Ichimura, Smith and Todd (1998) : the bias due to difference in the supports of X in the treated and control groups (failure of the common support condition) and the bias due to the difference between the two groups in the distribution of X over its common support. The other source of bias is the one due to selection on unobservables. This highlights the importance of the CIA since, if this holds, selection on unobservables ceases to be a problem. The appropriateness of the CIA is dependent on the richness of the available data. 6 For a recent paper in the same spirit but with a different substantive focus (namely active labour market programme evaluation) see Lechner and Wunsch (2010) . comparator case to the treated case. In estimating the effects of treatment-on-the-untreated we adopt the identical approach when searching for comparators for the untreated among the treated.
In our baseline estimates between 0.2 and 1.0 percent of employees are lost through the enforcement of common support, depending on the HIM variable in question and whether we are recovering the average treatment-on-the-treated (ATT) or the average treatment-onthe-untreated (ATU). For performance-related pay and training the proportion of employees off common support rose when conditioning on the work history variables, implying that some cases which appeared to have reasonable counterfactuals on the basis of cross-sectional data were, in fact, quite different to their matched comparators when one also conditioned on work histories. For example, the percentage of employees in receipt of training for whom there was no matched comparator rose from 0.3 percent to 1 percent when we conditioned on the fuller set of X's including work histories. Figure 1 illustrates the area of common support. The upper panel corresponds to a probit model where the dependent variable is a dummy variable for any HIM practice without work history variables and the lower panel to an otherwise similar specification but with work history variables. 7 In both cases the treated observations which are off support are largely found in the top end of the distribution of the propensity score.
To be effective, matching should balance characteristics across the treatment and comparison groups. Appendix Table A3 presents comparisons of the means in the characteristics used to match HIM and non-HIM employees in the case of "any HIM" as the treatment, as well as a measure of the 'distance' of the marginal distributions of relevant characteristics in both groups (Rosenbaum and Rubin, 1985) . For a given covariate, the standardised difference after matching is defined as the difference of the sample means in the treated and matched non-treated subsamples as a percentage of the square root of the average of the sample variances in the treated and non-treated groups. Overall, the quality of the match seems good, the mean absolute standardised bias for all covariates being 2.8% for the matched individuals. Standardised bias for each variable tends to range from -5.8% (secondary school education) to +7.3% (university education). For the other treatment variables the biases have a similar order of magnitude; the mean absolute standardised biases for profit related pay, training, team work, and information sharing are 3.5, 3.2, 2.5 and 3.0 percent respectively. 8 As a further indication of the quality of the matching, Figure 2 shows the earnings history of the treated and controls before and after matching. Matching has clearly succeeded in making the past earnings growth quite similar. Figure 2 and Table A3 show that the earnings difference which is significant in the unmatched sample becomes statistically non-significant in the matched sample.
There is some debate in the literature regarding the usefulness of reweighting estimators and alternative matching estimators (Busso et al., 2009; Froelich, 2004) . We test the sensitivity of our results to a nearest neighbour matching estimator which minimises the bias across treatment and comparison groups at the expense of less efficiency.
The mean difference between the log wages of the treated and untreated employees in the matched sample is the point estimate for the 'impact' of HIM on employees' wages. The bootstrapped standard error for the post-match difference is based on 1,000 replications. 7 The latter is the model presented in the first column of Table 1 . 8 Although achieving a reasonable balance on the X's entering the participation equation is an indicator of how good the match is on observables, it cannot provide an indication as to whether the CIA is plausible.
Results
Before presenting estimates of HIM effects on employees' wages we explore the correlates of employees' exposure to HIM. Table 1 presents the marginal effects from probit equations for ten measures of HIM. Column 1 estimates the probability of having any one of the four HIM practices ('any HIM') versus having none for the whole sample. Columns 2-5 use the same model specification but estimate the probability of exposure to each of the four separate HIM practices, namely performance-related pay, training, self-managed teams, and information sharing. The models in columns 2-5 are run on subsets of the full sample to ensure those scoring zero on the dependent variable are not, in fact, exposed to another HIM practice. For example, the subsample for column 2 is either subject to performance-related pay or has no HIM practices at all. Robust standard errors are presented in parentheses. Columns 6 to 9 estimate the probability of having between 1 and all four HIM practices compared to having none while column 10 estimates the probability of having two or more HIM practices (what we term a "High Performance Work System" or HPWS) compared to the probability of having no HIM practices. The variables are jointly significant in all models, with pseudo-Rsquared between 0.06 and 0.42. The probit model seems to work best for performance-related pay and training, whereas the pseudo R-squared is lower for self-managed teams and information sharing.
Our primary interest is the role of the work history variables. They are jointly statistically significant in all ten models. However, the direction of effects for particular work history variables and their statistical significance varies by type of HIM practice. As anticipated, past average earnings are positively associated with exposure to HIM practices. They are statistically significant for three of the four HIM practices, the exception being information sharing. A one standard deviation increase in past average earnings over the period 1990-2001 is associated with a 2.2 percentage point increase in the probability of working in a HPWS job in 2003. The relationship between rising past earnings and HIM exposure is more moderate: a one standard deviation increase in the rate of earnings increase (averaged over the periods 1999-2000 and 2000-2001) is associated with a 0.9 percentage point increase in the probability of working in a HPWS job in 2003. This effect is statistically significant for three of the four HIM practices, the exception being performance-related pay. The finding is consistent with a 'reverse Ashenfelter dip' as discussed earlier.
The work history variables include a number of other markers of worker quality, notably the number of months spent in employment in one's work history, the number of months spent unemployed, and the number of layoffs experienced. The number of months spent unemployed is negatively associated with being in an HIM job by 2003. The effect is statistically significant in the case of performance-related pay, training and the HPWS measure. The number of lay off episodes is significantly negatively correlated with information sharing and HPWS. We had anticipated that being a stable employee, as indicated by number of months in employment, the number of employer switches and the number of switches in profession over one's working life, might also influence HIM exposure, but this was not generally the case. One exception is the positive association between working ten or more years in the current job and current exposure to HIM practices: the effect is statistically significant for receipt of performance-related pay, information sharing and the HPWS measure.
The literature suggests that HIM practices are most common in larger firms and were pioneered in manufacturing (Wood and Bryson, 2009 ), so we anticipated that experience in larger firms and in manufacturing might proxy past exposure to HIM and, thus, increase the probability that the employee has an HIM job in 2003. In fact, the results were less clear cut than anticipated. Large firm experience was positively and significantly associated with receiving performance-related pay, training and being in a HPWS job.
9 However, experience of employment in manufacturing was not statistically significant.
These results confirm that employees' work histories are a significant predictor of subsequent entry to an HIM job. Although the effects do not all point in one direction, there are clear indications that it is more able workers -as indicated by past earnings, earnings growth, and 'good' work histories -who are more likely to be found in HIM jobs. A further indication that this is the case is the strong positive association between being highly qualified (highly educated) and using HIM practices in one's job. Indeed, this is the most robust result in Table 1 and is apparent for all but one of the HIM indicators.
10 Table 2 presents the effects of HIM on earnings. There are five panels, one for 'any HIM' and one for each separate HIM measure. Each panel contains two rows. The first row presents results which condition on demographic and employer characteristics only. The second row also incorporates the work history variables. Each row contains three columns. The first column presents results from the OLS; the second column presents the ATT from the kernel matching estimator; and the third column presents OLS results run solely on the sub-set of cases for which the matching indicates there is common support.
Panel A presents the effect of being exposed to any of the four HIM practices on employees' wages. If one conditions on demographic and current employer characteristics only, being in an HIM job is associated with a wage premium of around 21 per cent compared to a 'like' employee with similar characteristics who is not in an HIM job. The ATT effect based on kernel matching is a little higher, although the difference is not statistically significant. Running the OLS on the common support makes little difference to the results. Row two indicates that conditioning on work history variables leads to a reduction in the premium of about one-sixth, a reduction that is statistically significant at a 99 percent confidence interval. This is the case for all three estimates.
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A similar pattern of results is apparent in Panels B through E, although the wage returns are somewhat higher for performance-related pay and training than they are for selfmanaged teams and information sharing. In each case the difference in the estimated wage returns to these practices with and without controls for wage and work histories is statistically significant at a 99 percent confidence interval.
As noted earlier, matching enables us to recover the average treatment effect for the untreated (ATU) as well as the ATT. The weighted sum of the two is the average treatment effect (ATE), namely the impact that HIM would have on a randomly chosen employee (assuming, of course, that the CIA holds). The ATT, ATU and ATE are presented in Appendix Table A4 . The table replicates the five panels A to E for the HIM variables used in Table 2 , with the left-hand column presenting the ATT which was presented as the second column in Table 2 .
As in Table 2 , the effects of HIM on wages tend to be smaller conditioning on employees' work histories. But what is particularly striking about the results is the similarity of the ATT and ATU in the case of "any HIM", performance-related pay and training. The 9 As one might have anticipated current employment in a larger workplace and in a multi-establishment firm rather than a single-establishment firm, were positively associated with being in an HPWS job, though these results were driven by performance-related pay and training. 10 One concern might be that in conditioning on the prior earnings of those who have been exposed to HIM for some time we underestimate the impact of HIM on earnings. To address this concern we reran the results we present but truncate the earnings histories at 1999, that is, some four years before our survey indicators of exposure to HIM. The results are insensitive to this alteration. This, coupled with the fact that HIM wage returns are relatively homogeneous across tenure sub-groups (see later) lends credence to our main findings. 11 To test the implication of the model that the returns to human capital are higher in HIM jobs, we also interacted the dummy for the highest education group with alternative indicators for HIM in an OLS estimation. The interaction was not statistically significant for any of the HIM variables. results are somewhat different for self-managed teams and information sharing. Conditioning on work histories the ATU wage returns to self-managed teams appear greater than those for the ATT whereas, in the case of information sharing the ATT effect is larger than the ATU effect. Table 3 focuses on the number of HIM practices to which the employee is exposed. This is important because, as Appendix Table A2 shows, whereas 77 percent of employees were exposed to at least one of the four HIM practices, over half of HIM employees (41 percent of the whole sample) were exposed to two or more HIM practices and were thus working in what we term a High Performance Work System. The results are striking: the wage returns to HIM rise steeply with the number of HIM practices to which the employee is exposed. In all cases the premium falls markedly with the introduction of the work history controls, but the difference in wage returns with and without work history controls is larger for those exposed to more practices. Having conditioned on work histories, the wage premium for a single HIM practice is around 13 percent; 18 percent for two practices; and 25 percent for three practices. The wage premium for all four practices is even larger, but the number of employees exposed to all four practices is very small. The wage premium for employees working in HPWS (Panel E) falls by around one-fifth having conditioned on work histories, but it remains sizeable and significant at around 20 percent.
The HPWS regimes with two or more HIM practices encompass eleven combinations. Table 4 presents the wage premia associated with those HIM bundles which were common enough in the sample to permit robust estimation. Five of these eight include training; four include PRP; four include teams; and five include information sharing. In each case the association between the HIM bundle and wages is evaluated relative to comparators from among the sub-sample who were exposed to no HIM practices. The heterogeneity of the effects is striking, ranging from no significant effect in two instances (Panels C and F), to premia in excess of 25 percent in two other instances (Panels G and H). Employees exposed to performance-related pay but to none of the other three HIM practices, receive a wage premium of around 12-14 percent relative to those exposed to no HIM (figures not shown in the table). This effect is similar to the combination of performance-related pay and information sharing (Panel B). However, the returns to performance-related pay are greater when combined with training (Panel A), and are even greater when supplemented with information sharing (Panel G). Contrary to predictions in Lemieux et al. (2009) the combination of performance-related pay and team-working is not associated with a large wage premium. Indeed, this is one of the two bundles that generate no significant wage premium. The wage premium associated with training in isolation is 17 percent (not shown), but combinations incorporating training consistently produce larger wage premia. Exposure to either self-managed teams or information sharing in isolation is not associated with a wage premium (not shown). When combined (Panel F) they also fail to produce a wage premium. However, their use alongside training produces the largest wage premium of all the bundles (Panel H).
Finally, we subject the results presented in Table 2 Panel A (our 'baseline' estimates for the effects of 'any HIM') to a number of sensitivity analyses including alterations to the conditioning X's (changes to the work history, dropping occupational controls), the dependent variable (self-reported earnings, hourly earnings, the residuals from a first stage wage equation), employee sub-group analysis (high and low educated; high and low earners; long and short tenured; those in small and large plants; private sector employees); and the matching estimator. These are reported in Appendix Table A5 . The overriding impression is just how insensitive the results appear to be to these robustness checks. The one exception is Panel K which reports much lower wage returns to any HIM for employees in the top half of the wage distribution than for other employees.
Discussion and Conclusions
There are a number of studies linking HIM to higher wages but, to our knowledge, the evidence presented here is the first to account for detailed employee wage and work histories. This proves to be important since the results indicate that employees' work histories are a significant predictor of subsequent entry to an HIM job. Although the effects do not all point in one direction, there are clear indications that it is more able workers -as indicated by past earnings, earnings growth, and 'good' work histories -who are more likely to be found in HIM jobs. A further indication that this is the case is the strong positive association between high educational qualifications and using HIM practices in one's job.
We identify a wage premium of around 21 percent before conditioning on work histories and prior wages. This falls by around one-sixth when we add in these controls which have been absent in other studies. This suggests an upward bias in existing studies in the wage returns to HIM due to positive selection into HIM associated with unobserved worker quality.
Although there is some heterogeneity in the wage returns to HIM across types of employee, the differences are not particularly striking. Instead, what is notable is the difference in the size of the HIM premium across different types of HIM practice. The premium is largest for training and smallest for self-managed teams but what is even more striking is the variance in the wage premium attached to different HIM 'bundles' and the increasing returns to the number of HIM practices used.
If employees are paid their marginal product then the substantial wage premium we identify may reflect increased productivity on the part of those workers when exposed to HIM practices. However, the idea that HIM practices engender higher labour productivity wherever they are deployed raises the question as to why diffusion of HIM across firms has not been as rapid or as widespread as some early commentators imagined. One possible explanation is that HIM adoption is optimal such that those employees exposed to HIM are the ones able to use those practices to increase labour productivity while, in the case of non-HIM employees, firms have chosen to avoid HIM because the productivity benefits are outweighed by the costs. The comparison of the ATT and ATU wage returns to HIM are illuminating in this regard since the PSM estimated ATT and ATU are very similar in most cases implying an incentive on the part of non-HIM employees to take HIM jobs. The fact that they are not in HIM jobs may be because they are effectively 'rationed' by employers (in much the same way as union jobs are rationed under Abowd and Farber's (1982) 
model).
Employers may choose not to deploy HIM despite these predicted wage gains to workers for one of two reasons. The first possibility is that the costs of HIM adoption are heterogeneous and, in the case of non-adopters, these costs outweigh the labour productivity gains which our wage premium estimates imply. The second possibility is that the estimated wage returns to HIM for those not currently exposed to HIM may arise for reasons other than labour productivity improvements and, as such, do not proxy the potential returns firms may gain through their adoption. To make further progress on this issue one requires firm-level data, ideally linked to employee data, to explore heterogeneity across firms as well as employees in the costs and benefits of HIM adoption.
Future research on this issue would also benefit from firm-level data to overcome the problem of unobservable heterogeneity between HIM and non-HIM firms which may simultaneously affect wage setting and the propensity for HIM adoption. Our employee-level data may overstate the effects of HIM on wages if, for instance, both HIM adoption and higher wages are a function of firm level unobservable traits such as good management. Table 2 while the estimates in Columns 6-10 are applied in Panels A-E of Table 3 . All models include 13 unreported industry dummies. Robust standard errors in parentheses. Statistical significance: *** p<0.01, ** p<0.05, * p<0.1. (Table A4) . Matching is performed by using the region of common support for the propensity scores. Caliper is set at 0.001. The number of observations refers to OLS and ATT specifications before imposing the common support condition. Bootstrap standard errors for ATTs (1,000 replications) in parentheses. For OLS robust standard errors reported. Statistical significance: *** p<0.01, ** p<0.05, * p<0.1. Abadie et al. (2001 Abadie et al. ( , 2011 ) is applied and in Panel Q in which nearest-neighbour matching (one-toone matching with replacement) is used. Matching is performed using the region of common support for the propensity scores. Caliper is set at 0.001. Bootstrap standard errors for ATTs (1,000 replications) in parentheses. For OLS robust standard errors reported. Statistical significance: *** p<0.01, ** p<0.05, * p<0.1.
